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ABSTRACT

Balancing health and economic outcomes has been central to pandemic policy debates,
yet differentiating the impacts of various intervention intensities remains challenging. To
manage COVID-19 outbreaks, China implemented an area-based risk-rating system that
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classified small areas within cities as low-, medium- or high-risk based on local case
counts. This paper examines the effects of medium- versus high-risk designations on
travel behaviour during the Zero-COVID period, using a dynamic difference-in-
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differences approach. It further analyses the weekly travel trajectories of 368 Chinese model; Baidu mobility data;
cities during both pandemic and reopening periods within a non-linear time-varying China

latent factor framework. Leveraging the latest Baidu mobility data and national risk

level information, our findings demonstrate that high-risk designations significantly JEL

drive shifts toward work-related trips, and the impact tends to extend beyond the (33; J60; 018; R12; 118
affected localities. People began reacting to high-risk eight days before extensive

lockdowns, and the effects persisted for approximately four weeks afterward, longer

than the typical lockdown duration. Additionally, our results reveal stratified mobility

dynamics, highlighting that (a) cities in western China exhibited lower resilience

during the Zero-COVID period and (b) regional disparities widened during this period

but gradually diminished with reopening. This study offers transferable lessons for

future pandemic preparedness, demonstrating how tiered risk designations can

generate responses that extend beyond targeted zones and how regional disparities

in mobility evolve through crisis and recovery periods.

1. Introduction

The outbreak of COVID-19 bifurcated the global response mainly into two camps: those advocating for liv-
ing with COVID-19, such as the US, UK and Netherlands, and those favouring a Zero-COVID strategy,
including Australia, New Zealand and China. Both approaches have their merits and challenges: as
much as territories with lifted restrictions tend to see more confirmed cases and/or higher mortality
rates (e.g., Cao et al., 2023; Chen & Chen, 2022), Zero-COVID policies (ZCPs) could place greater economic
burdens on countries, ranging from supply-chain disruptions to reduced gross domestic product (GDP)
growth (e.g., Hausmann & Schetter, 2022; Huang et al., 2023b). A growing body of literature has since
debated whether government interventions were too lenient relative to the health risks (under-reaction)
or too stringent relative to their economic and social costs (over-reaction) (e.g., Eslami & Lee, 2024;
Hafsi & Baba, 2023; Mouhanna et al., 2023).

However, empirical studies predominantly focus on either the consequences of analogous measures
across countries, typically lockdowns and stay-at-home orders (e.g., Brussevich et al., 2022; Caro et al,,
2022; Palomino et al., 2020), or binary comparisons between distinct approaches, such as lockdowns versus
social distancing (e.g., James et al., 2020; Yang et al., 2020, 2021). Differentiating the impacts of intervention
deployed in a progressive manner has been largely overlooked. Yet, in practice, disease control in both
camps often involves a combination of adaptive measures that vary in intensity and focus over time, a strat-
egy that helps minimise health losses while maintaining economic production. In this vein, the COVID-19
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risk-rating system, a key component of China’s ZCP, provides a compelling case for analysis. This centra-
lised framework classifies localised areas, typically as small as blocks, residential compounds or streets, into
low-, medium- and high-risk, and introduces corresponding strategies to designated areas. By doing so, it
allows local authorities in China to effectively combat viral spread while limiting the unintended conse-
quences of the interventions it triggers.

Human mobility plays a vital role in both preventing viral transmission and mobilising the economy.
Mobility precisely explains the initial spread of COVID-19 in China (Kraemer et al., 2020), and thus, curb-
ing mobility can effectively reduce case growth (e.g., Fang et al., 2020; Glaeser et al., 2022). China’s ZCP
initially managed to support higher economic growth compared to many developed economies (Huang
et al., 2023a). Its GDP growth, however, slowed to 0.4% by the second quarter of 2021. This decline was
strongly linked to decreased labour mobility (Wu et al., 2023). The significant impact of mobility patterns
on economic dynamics underscores the challenge of balancing health and economic outcomes (Spelta &
Pagnottoni, 2021).

Therefore, our first research question is: To what extent do the differential interventions imposed by
medium- and high-risk designations affect travel prioritisation, defined as the allocation of trips between
essential (commuting) and discretionary (leisure) purposes, during the stringent Zero-COVID period
(17 May 2021-26 June 2022)?' Here, we focus our analysis on intra-city travel primarily because it is
more directly linked to urban economic activities (e.g., Chakraborty & Mukherjee, 2023; Liu et al., 2021)
and residents’ daily activities, while inter-city travel often transitions into intra-city travel when inbound
passengers do not merely pass through. To be more specific, we examine changes in the shares of essential
and discretionary trips within intra-city travel under policy constraints. Because the risk-rating system
operates at a highly localised scale to minimise the spillover of side effects while sustaining containment,
a significant citywide shift from discretionary to essential travel suggests that the interventions’ suppressive
effects have extended beyond the targeted infection zones.

Previous studies have explored the impacts of ZCPs on health, well-being, interpersonal trust, mobi-
lity, unemployment, housing markets and job-housing relationships, among others (e.g., Chen et al,,
2023a; Fang et al., 2023; Huang et al., 2023b; Li et al., 2023; Mu et al., 2023). However, both the
COVID-19 risk-rating system and travel prioritisation have been fairly understudied so far.> In fact,
to the best of our knowledge, Gong et al. (2024) is the only paper that studies the impact of the area-
based COVID-19 risk rating on a series of economic indicators, including inter-city travel intensity.
However, due to the distinction in research focus, they do not distinguish between high- and med-
ium-risk designations.

This study is therefore among the first to evaluate the COVID-19 risk-rating system, and specifically, the
first to focus its influences on travel prioritisation. While the allocation of trips has been widely studied
using Google or Apple mobility data, these datasets do not reflect shifts in travel preferences among the
observed trips, as they measure percentage changes relative to a baseline day. Moving beyond changes in
the total mobility to assess how the relative importance of different types of travel evolves provides novel
insights for assessing policy impacts and targeting interventions. In particular, while the link between travel
restrictions and reduced COVID-19 cases is well-established, another key policy concern is whether loca-
lised containment measures are efficiently targeted or impose excessive unintended disruption. Our analysis
directly addresses this question by comparing the citywide effects of medium- versus high-risk designations
on how residents shift their trips, each operating at a highly localised scale but triggering different intensities
of intervention.

In addition, the COVID-19 literature to date has predominantly focused on the relationships between
mobility patterns and individual characteristics (e.g., Fairlie, 2024; Hu et al., 2021; Long & Ren, 2022), travel
restrictions (e.g., Fang et al., 2020; Friedson et al., 2021; Gibbs et al., 2020), COVID-19 spread (e.g., Iacus
et al., 2020; Tokey, 2021), carbon emissions (e.g., Lei et al., 2022; Liu et al., 2020) and work-from-home
(WFH) (e.g., Cicala, 2023; Delventhal et al., 2022). However, mobility dynamics surrounding travel trajec-
tories, particularly alongside the transition from the pandemic to post-pandemic new normal (henceforth,
the transitional period), have not been examined yet. This brings us to our second research question: How
does the evolution of spatial heterogeneity in intra-city travel strength differ between the Zero-COVID
period (17 January 2022-4 December 2022) and the post-reopening period (5 December 2022-26 Novem-
ber 2023)?> Notably, these two periods span nearly one year, covering the immediate time before and after
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the end of China’s ZCP. Understanding this evolution will allow us to better evaluate disease control strat-
egies and regional differences in life dynamics.

Building on the above discussion, we examine two hypotheses in this paper: H1: high-risk designations
distort travel composition by dampening discretionary mobility more disproportionately than medium-risk
designations; and H2: spatial heterogeneity in intra-city travel strength declines in the post-reopening
period, following the removal of localised interventions. We adopt a dynamic difference-in-differences
(DiD) approach for the first hypothesis and then apply the clustering technique developed by Phillips
and Sul (2007) (henceforth, PS), which is highly effective for transition modelling, for the second. The
PS method enables us to trace the relative trajectory of each city to the cross-country average in a dynamic
manner. A novel panel dataset on a weekly basis, derived from Baidu Maps, the Chinese equivalent of Goo-
gle Maps,* capturing intra-city travel behaviour in 368 cities has been created. More specifically, we use
three unique indicators: intra-city travel strength, home-workplace (HW) commuting rates, and dining,
leisure and recreational (DLR) travel rates. We further combine them with COVID-19 risk-level data,
which is originated from the State Council of People’s Republic of China’s (PRC’s) release.’

In sum, this paper contributes to four key strands of literature. First, it enriches the broader body of
research on public health policies by being the first to examine the effects of the COVID-19 risk-rating sys-
tem on travel prioritisation. In doing so, it complements existing studies on the appropriateness of pan-
demic interventions (e.g., Acemoglu et al., 2021; Fajgelbaum et al., 2021; Piguillem & Shi, 2022), on
comparisons between under- and over-reaction measures, or between ‘flattening the curve” and elimination
strategies (e.g., Eslami & Lee, 2024; Yang et al., 2020, 2021) and on the effects of COVID-19 transmission or
travel restrictions on mobility and related economic activities, including WFH (e.g., Cicala, 2023; Del-
venthal et al., 2022; Fang et al., 2020). Second, it adds to the discourse on the distribution of trips under
(post-)pandemic, such as the preference for essential over non-essential trips or individual travel modes
over public transportation (e.g., Albalate et al., 2022; Canina & McQuiddy-Davis, 2020; Padmakumar &
Patil, 2022), by being the first study looking into how residents prioritise different types of travel.

Third, it advances the spatiotemporal mobility research (e.g., An et al., 2023; Hu et al., 2021; Jiao et al,,
2022; Tokey, 2021; Xin et al., 2022), an area that remains extremely scarce in the literature, by being the first
to analyse and compare the changing regional differences in human mobility around the transitional
period.® Lastly, this paper builds upon the growing body of works that applies the PS approach to assess
different aspects of convergence (e.g., Erfurth, 2024; Gutiérrez-Romero, 2021; Valerio Mendoza et al,
2022). Unlike those prior applications, which have largely focused on long-term trends, this study is the
first to adapt this sophisticated econometric technique to analyse short-term variations in regional patterns
on a weekly basis.

The remainder of the paper is organised as follows. Section 2 describes the data. Section 3 introduces the
methods used in this study. Section 4 presents the DiD and spatiotemporal results. Our discussions and
conclusions are given in Section 5.

2. Data description
2.1. Baidu mobility data

Intra-city mobility data are retrieved from Baidu Qianxi, a programme launched in 2014 built on Baidu
Maps’ location-based service (LBS). As one of the most popular web mapping applications in China
with 130 billion real-time records of location service requests per day, over 500 million people using its
Al-powered voice assistant and supporting more than 500,000 mobile apps to locate their users, it enables
Baidu Qianxi to precisely trace and outline population movement within and between cities and provinces
on a daily basis.

Although the construction details have not yet been released to the public, Baidu mobility data have been
a key data source for studying contagion models of COVID-19 and increasingly used in recent research (see
Chen et al., 2023b; Fang et al., 2020; Gibbs et al., 2020; Huang et al., 2022; Liu et al., 2021; Mu et al., 2023).7
Notably, since Baidu data are anonymised and aggregated, we cannot directly identify individual travel pur-
poses. For example, if a person works in a restaurant but does not mark their workplace on Baidu Maps and
is not detected by Baidu’s algorithms, their commutes will be recorded as DLR trips. However, such
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misclassification typically occurs in one direction: service workers with irregular hours at recreational estab-
lishments may be misclassified as DLR travellers. In contrast, true leisure travellers are rarely misclassified as
HW, as they seldom visit office zones on a regular basis.

To analyse mobility dynamics, normalised values of the weekly intra-city travel strength, HW and DLR
travel (indexation) outcomes are considered.® A summary is given as follows:

v — min(v)

- max(v) — min(v)

where v is the original numeric value and N is the normalised outcome.

 Intra-city travel strength index: accounts for the average ratio of the number of people with trips in the
city to the total population in the city from Monday to Sunday.

¢ HW commuting index: accounts for the average share of home-workplace trips in the city from Monday
to Sunday. A destination is classified as a workplace if a user explicitly labels it as such on Baidu Maps.
Additionally, Baidu’s algorithms may identify workplaces by analysing users’ spatiotemporal patterns
and contextual information (e.g., travel time, length of stay and travel frequency).

e DLR travel index: accounts for the average share of dining, leisure and recreational trips in the city from
Monday to Sunday. Trips that do not meet the workplace or home criteria are categorised into the DLR
index, based on destinations typically associated with consumption and recreation (e.g., restaurants,
malls, entertainment venues).

In other words, the rates of DLR and HW travel are almost inversely related. An increase in one indicator
corresponds to a decrease in the other, irrespective of changes in overall travel volume. Therefore, we inter-
pret the relative changes captured by our measures as average shifts between the two travel behaviours.

2.2. COVID-19 risk-level data

The COVID-19 risk-level data are collected from the website of the State Council of PRC and compiled on
a daily basis with 366 prefecture cities.” For each city or equivalent administrative unit, there are three
indicators recording whether it had low-, medium- and high-risk areas, respectively, in terms of the
COVID-19 risk-rating system. localised areas that never have confirmed cases or do not have new
confirmed cases in the last 14 consecutive days are deemed as low-risk areas. Medium-risk areas are
those that have no more than 50 confirmed cases and no clustered outbreak in the last 14 consecutive
days. Accordingly, when there are more than 50 confirmed cases or a clustered outbreak, high-risk
will be assigned.”

Among the three levels, low-risk areas were the regions with basic preventive measures, such as wearing
masks and body temperature testing in public areas. More measures including quarantine were introduced
to medium- and high-risk areas, while the latter underwent more stringent containment, including the
shutdown of all the places that are populated and with high population mobility, such as theatres, libraries,
public transportation, gyms, shopping malls, supermarkets, etc., break of elective operations in hospitals,
and stopping risky population (medical workers, cleaners, couriers, migrants and service staff, among
others) from working in high-risk areas. A detailed summary of the risk rating system and associated inter-
ventions is provided in Table 1.

We aggregate the risk-level data into weekly frequencies and employ daily data as robustness checks. We
base our DiD analysis on HW and DLR travel, respectively. These two measures can relate to different econ-
omic activities, with DLR travel more specific to the services sector. Thus, we define the medium- or high-
risk indicator to be 1 if the city has at least one medium- or high-risk area during Monday-Friday, and 0
otherwise. In other words, if a medium- or high-risk area appears on Saturday or Sunday, the indicator will
be coded 1 only from the following week. We choose Friday as the cutoff point because it usually divides the
time between commuting for work and hanging out for recreational purposes. As mentioned before, when
this indicator equals 1, we interpret it as there is an official designation as medium or high COVID-19 risk in
the city.
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Table 1. Overview of China’s COVID-19 risk rating system.

Risk
Level Criteria Key Measures Duration Scale
Low No confirmed cases in the last 14 ~ Mask mandates, temperature testing, health Maintained as long as no  Default status
consecutive days QR code monitoring new cases
Medium At least 1 but no more than 50 All low-risk measures, plus: targeted Risk designations Typically residential
confirmed cases and no clustered quarantine (cases/contacts), community- updated dynamically compounds and
outbreak in the last 14 wide nucleic acid testing, capacity and on a 14-day rolling streets
consecutive days gathering restrictions in public venues, basis
localised movement control
High More than 50 confirmed cases or a  All medium-risk measures, plus: strict stay-  Risk designations Typically apartment
clustered outbreak within the at-home orders, multi-round mass testing, updated dynamically blocks and
last 14 days mandatory closure of all non-essential on a 14-day rolling building units
venues and public transport, cessation of basis

elective hospital operations

Note: This table presents key measures distinguishing risk levels. See Joint Prevention and Control Mechanism of the State Council (2021) for com-
plete details.

We summarise all the variables in Table A1 in the online supplemental data, which reveals that the aver-
age intra-city travel strength during the Zero-COVID period was slightly greater than after the formal
reopening.'’ Further, commuting rates are, on average, considerably higher than the rates for DLR travel,
indicating that people prioritised work-related trips during the studied period. Lastly, within our sample, 50
cities have high-risk areas, 81 cities have only low- and medium-risk areas without any high-risk zones, and
235 cities have never experienced high or medium-risk designations.

2.3. COVID-19 cases and weather data

Additional variables used in this study include the number of confirmed COVID-19 cases and deaths from
Dingxiangyuan (a popular healthcare digital platform in China), as well as temperature and precipitation
data retrieved from the Global Historical Climatology Network of the National Oceanic and Atmospheric
Administration.

3. Methodology
3.1. DiD identification

To test our first hypothesis, two DiD estimators are employed. Specifically, we assess the effects of official
designation as medium or high COVID-19 risk on travel prioritisation. First, we utilise a traditional two-
way fixed effects (TWFE) estimator to examine the relative change in outcome variables, i.e., DLR and HW
travel, between the treated and control groups. The baseline specification is as follows:

Yir = BRisky + aXy + p; + 6 + € (1)

where Risk;, is a binary variable equal to 1 if any locality within city i is classified as a medium- or high-risk
area at time t, and 0 otherwise; X;, are control variables, i.e., the confirmed COVID-19 cases and deaths,
temperature, and precipitation;' y; is prefecture city fixed effects; 6, is time fixed effects. In brief, 80 cities
with at least one medium-risk area and 50 cities with at least one high-risk area are categorised into treat-
ment groups. In contrast, cities that never have medium- and high-risk areas throughout the studied period
form the control group. The assignment to the treatment and control groups is fixed. It should also be noted
that the cities in the two treatment groups do not overlap. When medium risk is considered as the treat-
ment, cities that have reported high-risk areas are excluded. Once cities are classified into the high-risk
treatment group, to capture the dynamics of longer-term effects, they are not allowed to switch out of
the high-risk group or be reclassified into the medium-risk group.

The fundamental assumption for the treatment is that the enforcement of Zero-COVID measures is not
driven by unobservable factors that could systematically differentiate studied outcomes between cities with
and without high-risk (medium-risk) areas. This assumption is untestable as a counterfactual scenario is
unavailable. However, we can assess the plausibility of this assumption by performing an event study
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approach to examine whether parallel trends assumption is satisfied before the treatment starts:

—2 20
Yit = Z BleSk:(t + Z ,BleSkf(t + aX,'t + M + Ht + €;
k=-10 k=0

Where Risk K denotes the treatment status of city i at k periods relative to period t. k = —1 is excluded as the
dynamic effect is compared to the period immediately before the treatment starts. The parameter of interest
here is Bi, which estimates the effect of the assigned intervention k periods after or before the appearance of
medium- or high-risk areas.

Then, to further address treatment effect dynamics and heterogeneity, we turn to Callaway and Sant’An-
na’s (2021) DiD with multiple periods estimator."” It also enables us to use a varying base period in our
estimation for pre-treatment periods, in contrast to a universal base period inherent to the traditional
event study approach. The differences in results of pre-treatment periods between two types of base period
do not change the conclusion about whether parallel trends assumption is violated or not, but a varying base
period is helpful for detecting violations of no anticipation assumption (see Callaway, 2021; Roth, 2024). In
contrast, in post-treatment periods, the base period is the period right before the implementation of treat-
ment in both cases.

In this study, we expect a one-week anticipatory behaviour when employing the high-risk indicator
as the treatment,'* because alongside seeing the increasing confirmed COVID-19 cases updated by the
Chinese government day by day, residents and organisations were able to and very likely to make pre-
dictions about what might shortly happen and react to the foreseen implementation of containment
measures. In fact, Gong et al. (2024) identifies a three-day anticipation period for inter-city travel beha-
viours. Since intra-city mobility is likely to be more sensitive and responsive than inter-city mobility to
the emergence of risky areas, we expect a four- to five-day anticipation period when considering med-
ium risk as the treatment. In the case of high-risk, this period might extend by an additional two to
three days (thus, roughly a week), as residents begin reacting to the anticipated medium risk before
high-risk approaches.

The group-time average treatment effect (ATT) is defined as follows:

ATT(g, t) = E[Travel,(g) — Travel,(0)|Risky, = 1] (3)

Travel(0) denote the potential HW or DLR travel rates at time ¢ if cities remain untreated throughout the
studied period; Travel,(g) capture the potential outcome if cities were to be exposed to medium or high
COVID-19 risk in period g for the first time. We then estimate more aggregate parameters by summarising
the ATTSs across different lengths of exposure (event study), e=t — g.

Moreover, Callaway and Sant’Anna (2021) allows for anticipatory behaviour as long as the anticipation
horizon is known. Therefore, we follow their empirical strategy by changing the ‘reference’ period from the
week immediately preceding the treatment to two weeks before the official designation as high COVID-19
risk. In the case of TWFE models, we fine-tune the ‘reference’ period by replacing period —1 with period —2
as the base period and exclude period —1 from the specifications (also see Butschek & Sauermann, 2024;
Butts & Gardner, 2021; Sun & Abraham, 2021).

3.2. Clustering and transition dynamics

To test our second hypothesis, we employ an empirical framework developed by Phillips and Sul (2007,
2009) to study human mobility dynamics at the city level in China. While the econometric technique pro-
posed by Phillips and Sul (2007) was originally developed with the aim to examine convergence patterns
over the long run, it is equally suitable for transition modelling for shorter periods, given its non-restrictive
time series properties. In particular, the main advantage of this approach over existing tests that analyse co-
movements in the variables studied is that it does not depend on any stationarity assumptions, and therefore
it does not require the time series to be cointegrated. In fact, it is reminiscent of an asymptotic cointegration
test that does not suffer from the small sample problems and other limiting characteristics of conventional
unit root and cointegration testing. This in turn allows the model to admit a wide range of transition
dynamics, and moreover, the different types of city-specific individual trajectories can be visually examined.
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In addition, as part of the methodology, an iterative clustering procedure enables us to endogenously ident-
ify subgroups within the panel, without assuming a priori club classification of cities.

Hence, we adopt the PS method to analyse human mobility and cluster Chinese cities based on intra-city
travel dynamics. Specifically, we define a nonlinear time-varying factor model as

Xy = ait/vl‘p (4)

where X;, represents the log of Baidu intra-city travel strength, HW commuting rates or DLR travel rates for
city i at period t. Our variable of interest can be decomposed into a common trend component g and a time-
varying idiosyncratic loading parameter §;,. The latter includes information about the individual trajectory
of city i relative to the common trend p;, and any departure of city i from this trend depends on how indi-
vidual, city-specific mobility differences within the panel change over time. The loading coefficient J;; thus
provides a measure of the relative distance between X;; and y;.

To formulate our null hypothesis, we model the idiosyncratic factor loadings J;; in a semi-parametric
form, as suggested by Phillips and Sul (2007):

g

Bt = & +
! +L(t)t“

&ir> (5)
where §; is fixed, &, is i.i.d.(0, 1) across i but weakly dependent over ¢, g; are idiosyncratic scale parameters,
and « is the decay rate, i.e., the speed at which city-specific differences decrease over time. This represen-
tation enables us to test whether d — &; — 0in Equation 5 as t — oo for any « > 0, in which case §;; — 9,
suggesting that differences in molb(iﬂ{y characteristics across cities disappear over time. Specifically,

Hy: 6;=26foralliand a > 0,
which is tested against the alternative:
Hy: {6; = 6 for all i with & < 0} or {6; # & for some i with « > 0, or o < 0}.

The null hypothesis implies common behaviour across all cities in the panel, whereas the alternative encom-
passes two possible outcomes: (i) the existence of city clubs, where one or more subgroups of cities
get aligned in terms of mobility patterns over time, with possibly one or more diverging units and (ii) diver-
gence of all cities in the panel.

In order to test the null hypothesis, Phillips and Sul (2007) define the following parameter A;;

_ Xt _ Oit
Nt Zfil Xie N1 Zfil Oit

hit (6)
also referred to as the relative transition path, which measures the relative departure of the loading coeffi-
cient J;; of city i at time ¢ from the cross-sectional mean. In other words, the parameter h; traces out the
individual trajectory of each city i in relation to the panel average. The transition paths of the 368 Chinese
cities in our panel may either approach each other or exhibit transitory or persistent deviating patterns over
the sample period studied. The null hypothesis cannot be rejected when all cities move toward the common
trend, i.e., h; — 1 for all i as t — oo, in which case the cross-sectional variance of h;; decays asymptotically:

1 &
Ht:NZ(hit—l)zeo as t — o0,
i=1

Equation (7) is formally tested using the log() test:

H
log(#) —2logL(t) = a + blog () + uy, (8)

t
fort=[rT], [rT]+1,..., T, wherer> 0. Specifically, we run a one-sided -test for a > 0 using the estimate
b = 2a and heteroscedasticity and autocorrelation consistent (HAC) standard errors, and the null

hypothesis is rejected at the 5% significance level if t»b~< —1.65. If the null is rejected for the overall sample,
a clustering algorithm is applied based on repeated log(t) tests and a set of criteria, in order to detect all city
clubs as well as units that deviate from the rest within the panel.'®
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4., Empirical results
4.1. DiD results using weekly data

We first present the results of the dynamic effects to address our first hypothesis (that high-risk designations
distort travel composition by dampening discretionary mobility more disproportionately than medium-risk
designations), both with and without adjustment for anticipatory behaviour, using Equation (2), as shown
in Figures 1 and B1, and Equation (3), as shown in Figures 2 and B2 (Figures B1 and B2 are in the online
supplemental data). Here, the treatment groups are composed of cities with high-risk areas, while the con-
trol groups are those that maintain low-risk areas throughout our study period. Since the designation of risk
ratings depends largely on the severity of COVID-19 within the region, we incorporate confirmed COVID-
19 cases and deaths in each city to control for the potential heterogeneity. Besides, weather factors usually
influence mobility patterns (e.g., Burdett et al., 2021; Nilsson & Backman, 2024), particularly leisure travel
behaviour, such as fewer recreational trips on rainy days. Thus, we also include two covariates to account for
temperature and precipitation. Here, both unadjusted pretrends indicate a violation of the no-anticipation
assumption, and the period right before the onset of treatment seen in Figure B2 suggests a one-week antici-
pation, aligned with our expectation, and an overestimation of the results. In contrast, pre-trends displayed
in Figures 1 and 2 support the parallel trends assumption and the overall trends are consistent between two
methods."”

One might suspect that reverse causality—shifts toward work-related trips leading to the emergence of
high-risk areas—could influence the results. On one hand, the adjustment for anticipation rules out this
potential concern. On the other hand, considering that cities with commuting dynamics consistently higher
than the national average during the studied period never experience sub-regional high-risk, official desig-
nation as high COVID-19 risk is not, at the very least, positively correlated with a higher priority given to
HW travel.'® In fact, it is quite reasonable to see that people tend to prioritise commuting over leisure travel
when any localities are designated as high-risk areas, even if they themselves live outside the affected zones.
This explains the relatively small magnitudes of the coefficients reported in Table 2, as our outcome variable
captures travel changes at the city level, while the risk and corresponding control measures are assigned to
much smaller areas.

Opverall, trade-offs between the two travel behaviours start to be restored around one week later, and pre-
ferences become adequately balanced approximately four weeks after the shock. Nevertheless, the ‘recovery’
is not likely a result of the lifting of restrictions, as they will be operationalised for at least two weeks, but
rather of the alleviation of panic spillovers.'” This is also because the implementation of control measures
per se cannot directly constrain citywide travel behaviours. Instead, once high-risk areas arise in cities, resi-
dents will experience panic and/or anxiety, not only due to the potential spread of viruses but also because of
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Figure 1. High-risk-based TWFE event study visualisation adjusted for 1-week anticipation.

Note: Estimates are presented with 95% confidence intervals (Cls) and a window of 10 lags and 20 leads. The pink short-dashed line showcases the
point in time when the effect reaches its maximum. The plots are performed with the Eventdd command (see Clarke & Tapia-Schythe, 2021). Con-
trol variables are included.

Source: Created by authors using the Baidu mobility data and COVID-19 risk-level data (Gong et al., 2024).



REGIONAL STUDIES, REGIONAL SCIENCE . 9

L L
I

.03 .04 .05 .06

L
L

I
e

:

|

!
!

-01 0 .01 .02 .03 .04 .05 .06
|

Intra-city DLR travel

-.06-.05-.04-.03-.02

!
L

Intra-city HW commute

.06-.05-.04-.03-.02-.01 0 .01 .02

!
!

!

;
{
IR S P A O .7

-10 -5 0 5 10 15 20 -10 -5 0 5 10 15 20
Week Week

Figure 2. High-risk-based CS event study visualisation adjusted for 1-week anticipation.

Note: Estimates are presented with 95% Cls and a window of 10 lags and 20 leads based on Callaway and Sant’Anna’s (2021) DiD with multiple
periods estimator and event study aggregation using the varying base period. The pink short-dashed line showcases the point in time when the
effect reaches its maximum. Control variables are included.

Source: Created by authors using the Baidu mobility data and COVID-19 risk-level data (Gong et al., 2024).

potential inconveniences, such as mass testing or entry restrictions to public places, they might face if they
have a travel history to high-risk areas or have been in contact with someone from there in the last 14 to 21
days. Correspondingly, some residents will adjust their travel patterns, prioritising essential trips over non-
essential ones, while waiting to see how the COVID-19 situation evolves, and others may follow their lead.

We now employ the medium-risk indicator as the treatment and exhibit the event-study results,
estimated with Equations (2) and (3), in Figures 3 and 4. The pre-trends also suggest the presence of

Table 2. Average weekly treatment effect estimates during 17 May 2021-26 June 2022.

(M)

@

3)

(4)

High-risk
TWFE DLR [-2,4] TWFE DLR [-10,20] CS DLR [-2,4] CS DLR [-10,20]
—0.0126%** —0.0025 —0.01471%** —0.0045
(0.0034) (0.0019) (0.0029) (0.0033)
coeffs./mean (12.9%) (14.4%)
R-squared 0.9321 0.9297 (N/A) (N/A)
TWFE HW [-2,4] TWFE HW [—10,20] CS HW [-2/4] CS HW [-10,20]
0.0090%*** —0.0022 0.0145%** —0.0009
(0.0033) (0.0021) (0.0028) (0.0025)
coeffs./mean (2.9%) (4.7%)
R-squared 0.9622 0.9603 (N/A) (N/A)
Obs. 13,402 14,430 15,892 15,892
Medium-risk
TWFE DLR [-2,4] TWFE DLR [-10,20] CS DLR [-2,4] CS DLR [-10,20]
—0.0059*** —0.00271*** —0.0029 0.0038
(0.0011) (0.0007) (0.0045) (0.0066)
coeffs./mean (6%) (2.1%)
R-squared 0.9326 0.9313 (N/A) (N/A)
TWFE HW [-2,4] TWFE HW [-10,20] CS HW [-2,4] CS HW [-10,20]
0.0087*** 0.0018 0.0029 —0.0077
(0.0018) (0.0013) (0.0045) (0.0067)
coeffs./mean (2.8%)
R-squared 0.9624 0.9321 (N/A) (N/A)
Obs. 13,611 15,287 17,632 17,632
City FE Yes Yes Yes Yes
Time FE Yes Yes Yes Yes
Controls Yes Yes Yes Yes

Note: Period —1 is excluded for the TWFE estimator to rule out anticipation effects, while one-week anticipation has also been adjusted for the CS
method. The point estimates reported here rely on two horizons. The shorter horizon includes two lags and four leads, while the longer horizon
ranges from 10 lags to 20 leads, corresponding to the visual presentation. The number of observations reported here is based on the initial estimation
where all periods are involved, in other words, before applying any window restriction. The row ‘coeffs./mean’ provides relative effect sizes by com-
paring the coefficients to the sample mean. Robust standard errors are clustered at the prefecture level. * p <0.10, ** p < 0.05, *** p < 0.01

Source: Created by authors using the Baidu mobility data and COVID-19 risk-level data (Gong et al., 2024).
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Figure 3. Medium-risk-based TWFE event study visualisation.

Notes: Estimates are presented with 95% Cls and a window of 10 lags and 20 leads. The plots are performed with the Eventdd command (see Clarke
& Tapia-Schythe, 2021). Control variables are included.
Source: Created by authors using the Baidu mobility data and COVID-19 risk-level data (Gong et al., 2024).
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Figure 4. Medium-risk-based CS event study visualisation.

Notes: Estimates are presented with 95% Cls and a window of 10 lags and 20 leads based on Callaway and Sant’Anna’s (2021) DiD with multiple
periods estimator and event study aggregation using the varying base period. Control variables are included.
Source: Created by authors using the Baidu mobility data and COVID-19 risk-level data (Gong et al., 2024).

anticipation in this case. It is, however, not surprising to see the extent of anticipation observed in Figure 4 is
not as strong as the high-risk case because the risk rating is usually upgraded from medium to high. As dis-
cussed later using daily data, there is a four-day anticipatory behaviour, thus a one-week adjustment is not
applied here. The overall trends here reveal that the appearance of medium-risk areas does not drive
remarkable changes in daily travel behaviour. The point estimates reported in Table 2 also support this
finding.

Table 2 provides estimates of two horizons based on Equations (1) and (3): one as short as two lags and
four leads and the other as long as 10 lags and 20 leads, to illustrate shorter- versus longer-term risk des-
ignation effects. Although the shorter-term effects adopting the TWFE method in both cases are statistically
significant, after better controlling for heterogeneity in treatment timing and effects, all medium-risk-based
estimates become insignificant. In contrast, the shorter-term effects based on high-risk are consistently sig-
nificant, demonstrating that recreational trips are considerably de-prioritised. These results, as a whole,
point out that once a high-risk sub-region has been detected, the impacts it entails, as opposed to the med-
ium-risk scenario, on recreational activities can be quite profound.

Although the observed influence dissipates after four weeks, it has a potential to bring down many self-
employed businesses and hinder the reopening of small- and medium-sized enterprises (SMEs) in the
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service sectors that would have otherwise remained unaffected (Chen et al., 2022). Owners’ negative expec-
tations for business demand are also found to be the primary driver for delays in reopening (Balla-Elliott
etal., 2022). Indeed, China’s service industry, particularly the transportation, accommodation and food ser-
vices sectors, suffered the most from the outbreak (Duan et al., 2021). The self-imposed reduction in pre-
ference for DLR trips in the city, which is vital for consuming goods and services, can signal negative
business prospects and contribute to the shutdown of operations in these sectors. Robustness checks and
sensitivity analysis using daily data are further reported in the online supplemental data.

4.2 Intra-city travel dynamics

Figures 5 and 6 present the transition paths and clustering results of the intra-city travel strength during and
after the Zero-COVID period. These results are based on the methodology described in Section 3.2 and are
used to address our second hypothesis that spatial heterogeneity in intra-city travel strength declines in the
post-reopening period following the removal of localised interventions. As shown, the mobility paths of the
368 cities during the pandemic form six clusters with three of them performing above the panel average.
These three clusters contain 269 (73.1%) cities. Here, one notable thing is that Clusters 5-6, accounting
for 29 cities (7.9%), and two divergent cities (Uriimqi and Shihezi) are dropping significantly below the
others, with high initial levels yet sharper declines observed for Uriimqi and Shihezi. According to Figure
6(a), cities in these clusters (the least travel-intensive groups compared to the others) are mainly in Western
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Figure 5. Transition paths of pandemic vs. post-pandemic intra-city travel strength.
Source: Created by authors using the Baidu mobility data.

Figure 6. Spatiotemporal results of pandemic vs. post-pandemic intra-city travel strength.
Source: Created by authors using the Baidu mobility data.
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China, particularly Gansu, Qinghai, Tibet and Xinjiang. These provinces are likely to see a wider range of
mobility-dependent activities less active.*

In contrast, cities in Clusters 1-2 are mostly concentrated on coastal areas, especially the Yangtze River
Delta, Pearl River Delta and Fujian, the most economically developed regions in China. This implies the
remarkable division between Western China and the rest of the country seen in Figure 6(a) is related to
regional economic (dis-)advantages. In other words, the pandemic appears to have smaller effects on econ-
omic activities, which rely heavily on intra-city mobility, in more-developed regions, coincident with wor-
sening regional disparities during the pandemic found in a body of literature (e.g., Bircena-Martin & Cantd,
2025; Brown & Ravallion, 2023; Dasgupta & Murali, 2024).

Although reasons behind lower mobility could substantially vary across cities, we can draw some com-
mon behaviours from visualising the average intra-city travel strength for each cluster. As demonstrated in
Figure B6(a) in the online supplemental data, intra-city mobility decreases more substantially and persist-
ently in Clusters 5-6 and the divergent cohort, compared to Clusters 1-4, since around 7 August 2022. We
further plot the daily new confirmed COVID-19 cases in China from 1 July 2022 to 23 December 2022 (the
last date of update) in Figure B7 in the online supplemental data. A surge in cases appears right after 1
August 2022 and continues to climb until the date of formal reopening. Therefore, a plausible explanation
here is that less travel-intensive cities during the Zero-COVID period are those less resilient to and/or more
panic about the spread of COVID-19.

Conversely, after the reopening, only three clusters are detected for the intra-city travel strength across
China, with Cluster 3 slightly decreasing below the average. As Figure 6(b) reveals, the travel dynamics
become much flatter and more homogeneous, with 287 (78%) cities in Cluster 3. Interestingly, not only
do most western cities fall into this group, but coastal cities in the Pearl River Delta and Fujian are now
in Cluster 3. Likewise, even though some cities in Jiangsu and Zhejiang are in Cluster 2, Shanghai is
included in Cluster 3. It may raise concerns that such a homogeneous pattern reflects a widespread econ-
omic downturn following the reopening. Figure B6(b) in the online supplemental data reveals three key
points on this matter: firstly, Cluster 3 does not experience huge fluctuations but rather presents a relatively
smooth pattern, and its average value does not differ much from the average of Clusters 1-2 during the
Zero-COVID period; secondly, Clusters 1-3 begin to deviate from each other around 15 January 2023,
one week before the Chinese New Year, with Cluster 1 continuing to spike since 29 January 2023, the
first week back from the holidays. These point out a potential relationship between the intensity of
intra-city trips and the Spring Festival Travel Rush (Chunyun)-the movement of migrant workers may
partly drive the differences. Thirdly, the distances further enlarge during early July to early September, peak-
ing around 6 August 2023, which marks a peak tourist season as the summer break of Chinese schools falls
exactly within this time frame.

Given all that, our comparisons illustrate that a higher intensity of intra-city trips is likely to be correlated
with certain economic activities, particularly like tourism services, while a lower intensity elsewhere should
not be simply regarded as a signal of lower levels of economic vitality, except for cities with persistent low
mobility (mainly in western China). Instead, there might be a long-term increase in working from home or
hybrid modes, particularly in economically developed regions where industries have a greater capacity to
offer remote jobs, resulting from organisations’ adoption of relevant policies since the pandemic (e.g.,
Bamieh & Ziegler, 2022; Delventhal et al., 2022; Garrote Sanchez et al., 2021). In addition, the stronger simi-
larity in post-pandemic travel dynamics suggests that the amplified regional disparities, at least in mobility-
dependent activities, may diminish as China adapts to the new normal.

5. Discussion and concluding remarks

Utilising a unique panel built on the latest Baidu mobility data and national COVID-19 risk-level data, this
study examines the effects of different risk designations on travel prioritisation. It further analyses weekly
travel trajectories across 368 Chinese cities during the Zero-COVID and reopening periods. Our primary
findings based on DiD estimation introduced in Section 3.1 confirm our first hypothesis by showing that
residents tend to prioritise work-related trips over leisure ones when any locality in the city is identified
as high-risk. These shifts toward commuting last for nearly four weeks and the impact tends to extend
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beyond designated zones, likely due to panic spillovers, herding behaviour and pre-emptive restrictions
imposed on contacts. Although mobility changes in small localities, typically blocks or streets, would intui-
tively seem unlikely to affect citywide travel, we observe a strong citywide effect following high-risk desig-
nations. In contrast, despite medium-risk counties being three times as numerous as high-risk counties in
our data, we observe no significant impact of medium-risk designations on travel behaviour. This contrast
suggests that the response is driven not by the prevalence of risk designations but by the sharp escalation in
intervention intensity that accompanies the high-risk label, which produces spillovers well beyond the tar-
geted localities. Importantly, this does not imply that residents responded irrationally: heightened caution
when a high-risk designation is announced could be entirely reasonable given the severity of the associated
restrictions. Rather, the mismatch we identify is between the policy’s localized design intent and thebroader
citywide dynamics.

These findings highlight an important trade-off for policymakers designing tiered intervention systems.
On one hand, stringent high-risk measures help rapidly contain outbreaks and protect public health. On the
other hand, our results show that these measures trigger citywide contractions that disproportionately affect
consumption-based service sectors for weeks beyond the intervention period. The medium-risk bundle of
measures, including targeted testing, contact tracing and localised restrictions, did not produce such spil-
lovers, suggesting it achieves more geographically contained effects. How to calibrate the boundary between
these tiers involves weighing the benefits of rapid containment against the broader economic costs, a deter-
mination that requires integrating epidemiological and economic evidence, and that ultimately reflects the
relative weight a society places on these competing objectives. Two notable contributions from these
findings are: first, this is the first to examine the COVID-19 risk-rating system’s effects on travel prioritisa-
tion, and second, the first to explore how residents prioritise different types of travel (e.g., essential vs. non-
essential) during the pandemic.

We then use the clustering method introduced in Section 3.2 and find that the relative distance in intra-
city mobility is decreasing within each cluster but increasing between different clusters, both during the
Zero-COVID period and after its termination. However, post-pandemic travel patterns are much more
homogeneous, confirming our second hypothesis. Additionally, a clear division is observed between Wes-
tern China and the rest of the country during the Zero-COVID period, but not after reopening, despite per-
sistent low mobility in various western cities. These findings elucidate that, on one hand, the pandemic
tends to exacerbate regional disparities in mobility-dependent activities, while on the other hand, reopening
helps to alleviate them for the majority.

These results provide a strong empirical basis for policy-making. The clear and persistent divergence
between clusters recommends against a one-size-fits-all policy and supports developing policy on a cluster
basis. The fact that mobility is converging within clusters suggests that tailoring local policies to each clus-
ter’s specific needs is a viable and eflicient strategy. Finally, the identification of a persistently low mobility
pattern in Western China underscores the necessity of allocating more resources to those areas to ensure an
equitable recovery. To conclude, this analysis yields two additional contributions: first, this is the first study
to analyse dynamic regional differences in mobility during the pandemic-to-post-pandemic transition, and
second, the first to apply the PS approach to assess short-term variations in regional patterns on a weekly
basis.

As other pandemics are likely and are predicted to happen, learning from this pandemic will help prepare
the response and adaptation to future health crises (e.g., Leider et al., 2023; Morens & Fauci, 2020). The
lessons from this study also extend globally. The tiered risk-rating system, for example, presents a scalable
model for geographically targeted interventions in other large nations with significant regional variations,
such as the United States, Brazil, India or Australia. That said, our results also reveal that high-risk desig-
nations can trigger disproportionate responses relative to the policy’s localised scope, underscoring that
replicating such a system requires attention to both the calibration of risk tiers and complementary com-
munication strategies to moderate spillovers and their economic impacts. Furthermore, the finding that
residents prioritise work over leisure reveals a disproportionate impact on consumption-based service sec-
tors, an insight highly likely to be transferable across national contexts. Our analysis of regional disparities
resonates with challenges worldwide, where pandemics often exacerbate existing divides, validating a
recovery model where resources are intentionally allocated to less-resilient regions. Additionally, the
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high-frequency clustering methodology we employ could be replicated using similar mobility data sources
elsewhere, enabling the real-time monitoring and adaptive policy design necessary to execute such strategies
during future crises.

Ultimately, it is important to acknowledge the remaining limitations. First, we cannot capture heterogen-
eity in travel responses based on individuals’ proximity to designated risk areas within cities. Our mobility
data from Baidu are aggregated at the prefecture city level and anonymised, precluding analysis at finer geo-
graphic scales. Consequently, we treat all areas within a city uniformly when any locality receives a medium-
or high-risk designation. In reality, residents closer to designated areas may respond differently, either more
strongly due to perceived proximity or less uniformly depending on the size of risk zones. Future research
with georeferenced mobility data at finer spatial resolution could explore how proximity shapes travel
behaviour and identify the spatial decay of policy effects.

Second, trip classification in Baidu data carries inherent constraints as individual travel purposes cannot
be directly verified. Misclassification can occur, particularly for service workers whose commutes may be
recorded as DLR rather than HW trips, while true leisure travellers are rarely misclassified as work commu-
ters. This may lead to underestimation of DLR reductions under risky designations. Future research with
validated trip-purpose data could better capture occupational heterogeneity in responses.

Third, our aggregated data cannot capture differential responses across socio-economic groups, age
cohorts or occupational categories. Residents’ ability to adjust travel behaviour likely varies by income,
job flexibility and remote work access. Lower-income workers may have less flexibility to reduce commut-
ing under high-risk designations, while those with remote work options may more readily adjust their travel
patterns. Future research disaggregating mobility by demographic characteristics could provide more
nuanced insights into who bears the greatest policy burden and inform more equitable design.

Notes

1. China released the Protocol for Prevention and Control of COVID-19 (9th Edition) on 27 June 2022, relaxing its
ZCP, following the eighth edition published on 14 May 2021. The new protocol reduced the containment dur-
ation in high-risk areas from 14 days to 7 days and relaxed other measures. Since 11 November 2022, it further
merged the medium- and high-risk categories. To compare which intervention could be a more balanced
approach, we exclude periods with inconsistent measures and use 17 May 2021 to 26 June 2022, as our study
period.

2. US COVID-19 policies typically involved a hybrid approach that allowed for localised responses, but these
measures were not consistently progressive or adaptive over time. In contrast, the centralised risk-rating system
China implemented allows for a more systematic and progressive management of outbreaks.

3. One of the data sources stopped updating and providing data at the end of November 2023. Hence, the week of
20-26 November 2023, is the latest in the dataset.

4. In contrast to Google and Apple mobility data, one virtue of the Baidu mobility data is that it allows changes to be
compared between provinces and cities.

5. See Gong et al. (2024) for further discussions on the risk-level data.

6. Among the very few studies related to COVID-19 in this cohort, regional differences, despite being somewhat
reflected on maps, have never before been examined in a dynamic manner, nor with a comparison.

7. The data could be biased towards younger people and longer-distance trips and against underdeveloped cities or
areas where Baidu Maps is somewhat less popular, such as Hong Kong and Macao.

8. As Baidu mobility data can take any numeric value greater than or equal to 0, without normalising them, it is
hard to compare results between sub-samples straightforwardly.

9. In the Chinese administrative system, a ‘prefecture city’ is an administrative unit comprising urban districts,
counties and county-level cities. Risk designations were identified at the level of specific localities’ (e.g., residen-
tial compounds, blocks, building units). Policy implementation follows administrative jurisdiction rather than
geographical proximity: designated localities are governed by their parent prefecture city, even if located near
another city’s boundaries.

10. This cut-off point (50 confirmed cases/clustered outbreak) is the official threshold defined by the Chinese gov-
ernment to trigger interventions at different levels and is adopted directly in this study as we focus on risk des-
ignations that officially triggered the actual mandatory government interventions (see Joint Prevention and
Control Mechanism of the State Council, 2020). However, we acknowledge that this threshold, based on an
absolute numerical measure, carries a known methodological limitation. Ideally, the threshold could take into
account regional characteristics, such as the size of the local population and population density, to better
reflect the true incidence rate and localised risk.
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11. The intra-city travel strength index reflects relative human mobility, adjusted in proportion to the overall volume
of intra-city movement, and can only be interpreted comparatively.

12. While we control for confirmed cases and deaths to account for disease severity, we acknowledge that official risk
designations and voluntary behavioural responses co-evolve as part of China’s pandemic response. Our estimates
therefore capture the combined effect of risk designations, including both mandatory policy interventions and
any amplifying behavioural responses triggered by the official signal.

13. As we use those never-treated as controls, the estimator is identical to Sun and Abraham’s (2021) cohort-and-
period specific estimator.

14. We wish to recap the threshold for classifying risky areas was calculated on a two-week basis, making it very
unlikely to anticipate events two or more weeks ahead.

15. Phillips and Sul (2007) recommend a slowly varying function L(f) = log(t) and setting r > 0 on the interval r €
[0.2, 0.3] for sample sizes T > 100 and T < 50, respectively.

16. The reader is referred to Phillips and Sul (2007, 2009) for a detailed description of the clustering algorithm.

17. As explained, following a body of literature on econometrics and applied economics (e.g., Butschek & Sauer-
mann, 2024; Callaway & Sant’Anna, 2021; Sun & Abraham, 2021), we adjust the base period for both methods
and exclude t=—1 from the dynamic TWFE specifications.

18. Empirical studies also point out that places like restaurants, gyms, hotels, cafes and religious organisations tend
to be the main diffusers. In addition, the pairwise correlation rate between the treatment variable and HW travel
indicator is just —0.0042.

19. Such spillover effects can even be found in adjacent cities (e.g., Gong et al., 2024; Li et al., 2024).

20. Asaforementioned, population density does not influence the results as our indicators are comparable between cities.
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